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    Chapter 9   
 Modeling Vulnerable Urban Populations 
in the Global Context of a Changing Climate 

             Vijay     Lulla      ,     Austin     Stanforth      ,     Natasha     Prudent     ,     Daniel     Johnson     , 
and     George     Luber    

            Introduction 

 Climate change, an increase in overall average temperature and frequency of 
extreme weather events, will infl uence human populations and exert stress on the 
current and future built environment. Most contemporary climate models indicate 
that climate change will have heterogeneous impact globally, and its effects are 
expected to be more severe in urban centers. This is due to the increased density of 
human populations, materials used to construct the urban area, and land-use prac-
tices therein [ 44 ]. There are numerous health stressors present in urban locations, 
such as the urban heat island (UHI) effect and pollution, despite proximal access to 
health services. Understanding the effects of climate change on human health will 
become a central focus of the public health community in the twenty-fi rst century. 
The anticipated consequences of climate change are not yet fully realized, but 
increased local risk disparities are apparent and will require a multidisciplinary 
paradigm of investigation to successfully identify vulnerable populations and miti-
gate environmental and social impacts. This chapter highlights several environmen-
tal and disease processes that are expected to be impacted by a changing climate. 
Following this introduction, a methodology of determining vulnerability using 
state-of-the-art data acquisition and computational techniques will be illustrated. 
Therefore, this chapter aims to be an introduction to climate effects on human health 
and to the vulnerability modeling of these effects.  
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    Urbanization and Climate 

 As the world’s population migrates from rural to more urban settings, understanding 
how urban forms (dense or spread out) alter local climate, and how climate change 
will uniquely impact urban environments, is critical. First, it is essential to under-
stand the difference between weather and climate. Weather looks at short-term daily 
or monthly variations in precipitation, wind, and temperature within predefi ned 
geographical areas. Climate focuses on decadal trends of the above variables within 
those same or larger areas. Climate is infl uenced by energy added to and released 
from Earth’s system over time, which infl uences weather patterns. The Sun provides 
energy to the system that is either radiated back into outer space or absorbed by 
oceans and land cover. Alterations in normal climate patterns can be attributed to 
disruptions in this energy balance. For example, increases in light-colored aerosols 
in the atmosphere serve to refl ect solar radiance, decreasing the amount of energy 
that enters Earth’s system; on the other hand, increasing amounts of greenhouse 
gases, concrete roads, and buildings serve to increase the amount of heat absorbed 
in Earth’s system [ 51 ]. While large-scale energy fl uxes infl uence global climate, 
urban centers can alter local energy budgets through UHIs and wind patterns to 
further impact local climate [ 45 ]. Increased commercial density, residential density, 
impervious surfaces (such as roads, parking lots, and other concrete features), and a 
reduction of green vegetation or large bodies of water all serve to modify tempera-
ture, precipitation, and wind, in comparison to rural areas [ 23 ]. Thus, climate inves-
tigations can be performed at either a global or urban scale. 

 The UHI effect is the phenomenon by which temperature in an urban setting is 
higher relative to the surrounding rural settings [ 1 ]. This steep gradient of tempera-
ture is driven by the man-made characteristics of urban areas. The composition of 
buildings and the decrease in cooling vegetation cause the retention of daytime heat. 
This heat is then radiated back out into the ambient air during the night, raising the 
local ambient temperature [ 68 ]. The steepness of the temperature gradient varies by 
climate zone, with temperate latitude cities seeing nighttime increases of 1–5 °C, 
while more tropical cities, during the dry season, exhibit gradients as high as 10 °C 
[ 37 ]. The size and density of the city also infl uence the intensity of the UHI effect 
[ 46 ]. Higher levels of light-colored aerosol-based pollutants, such as pure sulfates 
or salt particles, can have a cooling effect by blocking solar radiation. However, 
lower albedo or surface refl ection levels within urban areas trap heat and offset any 
potential urban cooling experienced during altered radiation fl uxes. In addition to 
lower albedo, larger street canyons typical of denser cities modify the intensity of 
urban temperatures through changes in wind speed and advection [ 23 ,  45 ]. 

 Although the research is still developing, the UHI effect may also serve as one of 
the main drivers of changes in urban precipitation patterns [ 5 ,  6 ,  9 ,  40 ]. Warmer 
temperatures associated with the UHI effect increase thermal convection, leading to 
lower convergence [ 45 ,  63 ]. Cool, moist air is pulled toward the city for the forma-
tion of rain-bearing clouds downwind [ 9 ]. Intensifi cation of precipitation has 
 similarly been linked to urban canyons and the proximity of coastal bodies and rivers. 
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In addition, air pollution creates favorable conditions for water droplets to form and 
grow [ 4 ,  40 ]. Understanding precipitation dynamics over large cities is very com-
plex, and studies show confl icting reports on the role urban form plays in changes 
to precipitation patterns. As human populations continue to expand the built envi-
ronment through urban migration, understanding how urban forms infl uence local 
climate is necessary to assess climate change-associated negative health conse-
quences within the context of urbanization.  

    Global Climate Change, Built Environment, and Health 

 Oppressive climates infl uence the health of human populations in various adverse 
ways. According to current climate change models, it is very likely that extreme 
heat events (EHEs) will become more severe and longer in duration. Future expo-
sure to extreme heat has a signifi cant impact on morbidity and mortality. One study 
estimates that by 2020—assuming current emission trends continue—44 large US 
cities will experience an increase of 2,260 excess summer deaths, and by 2050 
those urban areas could experience total excess deaths of 3,190–4,478 [ 31 ]. In 
addition to the commonly experienced heat stroke, heat exhaustion, heat cramps, 
and dehydration cases, heat can also contribute to the formation of blood clots, 
aggravate chronic pulmonary conditions, cardiac conditions, kidney disorders, and 
psychiatric illnesses [ 67 ]. 

 Climate change is also expected to exacerbate further poor air quality and pollu-
tion within urban centers. Ozone, particulate matter 2.5 μm in diameter (PM2.5), 
and aeroallergens are expected to be among the major air pollutants. Ozone forma-
tion increases with higher temperatures and increased sunlight [ 15 ]. Similarly, large 
particulate formation is partly dependent on temperature and humidity; thus, con-
centrations may increase with warmer temperatures [ 8 ]. Aeroallergens, like pollen, 
are airborne particles that elicit an allergic response in sensitive persons [ 34 ]. The 
warmer temperatures and increased carbon dioxide levels characteristic of urban-
ization and climate change contribute to earlier fl ower blooming and thus earlier 
and longer pollen seasons [ 58 ]. However, whether forecasted changes in the pollen 
season will result in an increase in allergic disease is yet to be defi nitively deter-
mined [ 34 ]. Health effects associated with poor urban air quality that climate change 
may exacerbate include decreased lung function, heart attack, arrhythmias, increased 
hospital admissions for respiratory illnesses (e.g., asthma, pneumonia, and rhinitis), 
and premature mortality [ 2 ,  8 ,  14 ,  15 ,  20 ,  24 ,  39 ,  41 ,  43 ,  49 ,  50 ,  55 ,  57 ]. 

 Heavy rainfall events are expected to become more frequent and intense with 
climate change. This imposes an additional burden on already stressed urban 
 infrastructure—particularly water and sanitation systems—and increases the poten-
tial for the spread of disease. Data on US waterborne disease outbreaks from 1948 
to 1994 suggest a signifi cant association with levels of extreme precipitation [ 10 ]. 
This relationship is not well understood, but is principally attributed to increased run-
off transporting elevated levels of microorganisms (e.g., Giardia, Cryptosporidium) 
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into surface water and groundwater [ 17 ]. The data also indicate that during heavy 
rainfall events, urban water sources are particularly susceptible to contamination 
due to overfl ows in pipes that transport both sewage and storm water (i.e., combined 
system overfl ows) [ 54 ]. 

 Warmer temperatures and changing precipitation patterns characteristic of cli-
mate change may also alter the distribution of disease-carrying vectors and zoono-
ses. For example, rising temperatures may increase the rate of dengue virus 
replication in host mosquitoes [ 21 ]. Tick distribution is also highly correlated with 
temperature and humidity. It is suspected that change in climate may affect inci-
dence of tick-borne diseases, such as Lyme disease and Rocky Mountain spotted 
fever [ 21 ]. West Nile virus and Saint Louis encephalitis virus are associated with 
drought-like conditions and high temperatures [ 21 ]. However, despite known cor-
relations between temperature, precipitation, and distribution of vectors and zoono-
ses, increases in transmission rates are affected by a host of other ecological factors 
[ 13 ,  18 ,  38 ,  42 ,  47 ,  52 ,  59 ,  66 ]. The public health impact of changes to the distribu-
tion of disease-carrying vectors and zoonoses depends on non-climatic factors as 
well, such as access to prevention methods (e.g., air conditioning and sealed struc-
tures) [ 51 ]. Better holistic urban climate change models need to be developed before 
we can truly identify the best methods for dealing with the negative effects of cli-
mate change [ 18 ]. 

 The emerging threats of climate change within the context of urban health pro-
vide an engaging framework for addressing anticipated health stressors [ 16 ]. The 
fi eld of public health includes a continually evolving evidence-based body of tools, 
such as vulnerability assessments, that identify segments of the population facing 
the greatest risk of direct exposure. These tools can serve to promote resilience and 
form sustainable policies in communities disproportionately burdened with nega-
tive health consequences associated with climate change and urban development. 

    Vulnerability and Urban Population Health 

    New Spatial Vulnerability Assessment Approaches 

 Population vulnerability results from the inability of a population to cope with a 
hazard due to increased sensitivity, susceptibility, or lack of adaptive capacity [ 22 , 
 23 ]. Within the public health literature, an understanding of vulnerability lies within 
the environmental justice thesis, which suggests that risks incurred from environ-
mental hazards are greater among marginalized populations [ 22 ]. The study of pop-
ulation vulnerability, then, seeks to identify conditions that render certain populations 
more prone to exposures and measure the adaptive capacity of the population within 
a socioeconomic context [ 11 ]. 

 Traditionally, population vulnerability is the cumulative negative pressure 
exerted by biophysical and social ramifi cations. Social vulnerability is composed of 
variables derived from the social or economic environment, encompassing age, 
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 education, income, gender, ethnic/racial composition, and population density of 
individuals in the population. Biophysical vulnerability includes risk to direct envi-
ronmental exposures, such as extreme heat and fl ooding. It also includes built envi-
ronment factors, such as the UHI effect, and other land-use patterns that exacerbate 
biological risks. Social vulnerability is well-researched, while assessments of bio-
physical vulnerability are a more recent endeavor [ 65 ]. Integrating social and bio-
physical risk factors into an assessment of population vulnerability allows for a 
more cohesive and useful understanding of how climate change will infl uence popu-
lations in expanding urban environments. 

 It is at the fi ner scale within cities that intra-urban vulnerability becomes most 
pronounced, i.e., social and biophysical risks are disproportionally distributed 
across an urban area [ 61 ]. For example, a vulnerability study in Phoenix, Arizona, 
demonstrated that pockets of communities within the study area faced greater expo-
sure to heat stress, due to higher social and biophysical vulnerabilities (e.g., age and 
less vegetation), than the surrounding communities [ 22 ]. Spatial distribution of vul-
nerable populations overlapping with climate hazard segments within a city has yet 
to be fully explored [ 28 ]. Less utilized city-specifi c analyses may provide more 
information on social and biophysical vulnerability than larger, less spatially reso-
lute studies at the regional and national levels [ 53 ]. Thus, vulnerability metrics 
should be aggregated at the city level, where decisions are more likely to refl ect 
information on vulnerability within intra-urban populations and can therefore be 
the most informed methods of response [ 33 ]. Implementing vulnerability mapping 
techniques that incorporate social and biophysical vulnerabilities into a place-
based, or location-specifi c, assessment allows for improved integration of histori-
cally disparate information. This can lead to improved implementation and 
monitoring of risk reduction policies within rapidly growing urban communities at 
the local level [ 11 ,  28 ,  33 ].  

    Satellite-Based Remote Sensing as a Surveillance Tool 

 Remote sensing is the process of acquiring data about an area of interest without 
direct contact, be it one or 100 m way. Common examples of remote sensing include 
X-rays, photography, and even human vision. These are all examples of practices 
that gather information from a distance, whether it is through a handheld device or 
incorporated into an orbiting satellite. For environmental research, the process is 
most similar to photography, where a sensor will “take a picture” of an area while 
recording data from within and outside the visual spectrum. Visual light is created 
by the Sun, which also emits other wavelengths of electromagnetic radiation (EMR), 
such as X-rays, infrared, thermal, and radio waves. Unlike the human eye, remote 
sensing devices can be calibrated to collect data across many diverse and distant 
wavelengths [ 25 ]. Analysts can use these multispectral, diverse wavelength images 
to interpret data not available to the human eye. A common application of nonvisual 
spectrum data is the use of thermal or infrared vision goggles. 
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 Remote sensing allows for the analysis of environmental features through 
 imagery and quantitative calculations through pixel values. Thermal imagery, for 
example, can be used to distinguish areas of the city that have increased thermal 
characteristics through calculation of land surface temperature (LST) [ 27 ]. This 
technique is used to identify the UHI or the hot spots within a city that are dispro-
portionally warmer than the surrounding features. Johnson et al. [ 26 ] summarizes 
various possibilities by including remotely sensed data to examine vulnerability 
(e.g., understanding the variability of heat between intra-urban neighborhoods). The 
application of remote sensing can also be useful for identifying other additional 
stress factors, such as a lack of vegetation. Plants can be responsible for reducing 
LST and fi ltering pollutants out of the atmosphere. 

 Photosynthetic vegetation utilizes blue, red, and thermal wavelengths of EMR 
during photosynthesis while refl ecting green and near-infrared wavelengths. This 
process gives plants their green color. Since this process occurs in healthy, photo-
synthetic vegetation, the health and quantity of local vegetation can be calculated by 
creating an index from refl ection measurements of red and near-infrared light 
[ 19 ,  25 ]. This process is commonly utilized in remotely sensed projects and is 
known as the Normalized Difference Vegetation Index (NDVI). The higher NDVI 
value recorded, the more protection vegetation should provide, both through 
decreased thermal impact to the area and by fi ltering pollutants out of the air during 
respiration [ 11 ]. A similar scale, the Normalized Difference Built-up Index (NDBI), 
utilizes the refl ection properties of cement and other constructed materials to iden-
tify areas of impervious surfaces. Higher NDBI values are normally associated with 
increased urban construction, which is linked to increased temperature, air pollut-
ants, and precipitation runoff. Incorporating LST, NDVI, and NDBI allows for the 
consideration of environmental impacts on vulnerability—previous studies have 
not integrated environmental properties and socioeconomic vulnerability in this 
way [ 62 ]. These indices can be used to represent the infl uence—either positive or 
negative—of environmental variables on the vulnerability of local populations [ 28 ].  

    An Example Methodology: Modeling Vulnerability 
to an Extreme Heat Event  

 Vulnerability to EHEs is normally considered only from a statistical perspective. 
That is, an area is considered to be under extreme weather conditions when the 
weather station, commonly located outside the city limits, has observed adverse 
conditions (high temperature, high relative humidity, or a combination of these two) 
similar to historical events that had a statistical increase in mortality/morbidity. 
While this approach can be applicable to a broad understanding of a vulnerability 
event over a large area, such as a county or city boundary, it is insuffi cient for city 
planners and emergency management personnel to identify specifi c areas of high 
risk. Mitigation strategists and planners need a more detailed view of vulnerability. 
Hence, there is a trend in the research community to include environmental factors 
(provided by remotely sensed data) in combination with socioeconomic factors to 
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understand vulnerability at a much fi ner scale [ 29 ,  53 ,  64 ]. Gauging vulnerability to 
EHEs is particularly challenging, because EHEs occur without clear warning signs. 
Other natural hazards, such as tornadoes or blizzards, approach as clouded weather 
fronts and are typically associated with drastic changes in wind and temperature. 
The public must rely on advisories, warnings, and watches issued by weather agen-
cies to become aware of an EHE. As previously mentioned, these warnings are often 
based on data collected from a weather station located outside of the urban core, 
where temperatures are not as extreme. While the reported maximum temperature 
and heat index describe predicted temperatures across large urban areas, they do not 
represent the true exposure of various intra-urban areas to EHEs, because vulnera-
bility to heat is not uniform across the entire urban space. For example, densely 
populated areas with old and dilapidated buildings, commonly found within inner 
city cores, may experience temperatures 3–5° higher than what is indicated by the 
issued advisory recorded by the weather station [ 27 ]. 

 Our research aims to (a) understand the spatial distribution of vulnerability for 
EHEs within an entire urban setting and (b) develop maps identifying areas of 
increased risk. In our method, socioeconomic data collected and disseminated by 
the US Census Bureau is combined with environmental factors (LST, NDVI, and 
NDBI) to generate an index representing the vulnerability of an enumeration unit 
(census block/block group/tract) during an EHE. Therefore, an accurate under-
standing of the spatial distribution of vulnerability is a useful tool for risk manage-
ment and mitigation strategists. This index can be generated using either principal 
component analysis (PCA) or an artifi cial neural network (ANN) (Fig.  9.1 ).   

   Vulnerability Indices Using Principal Component Analysis 

 A method of data reduction is needed to better understand how the vulnerability 
input variables interact to create the severity of an area’s risk. PCA can be used to 
identify the underlying constructs of the variables, identify trends, and designate 
which features are most important [ 12 ]. This method can be used to see which input 
variables are similar in order to create a simpler set of factors to represent the vari-
ables that most heavily affect vulnerability. Data reduction reduces the number of 
input variables in order to streamline calculations including many factors [ 30 ]. The 
PCA’s data reduction method simplifi es a multivariable dataset, by identifying the 
input variables’ correlation among themselves. It then creates new factors by 
restructuring the data into new combined components that individually express a 
larger portion of the variance found in the original variables. PCA results can be 
compared between studies by the number of components they produce. The fewer 
components needed to demonstrate the variance, the more correlated/similar the 
original data is—and the stronger the model that is produced. 

 These components can be utilized in mapping EHE mitigation. If the compo-
nents are plotted against a heat mortality-dependent value, the primary components 
will contain an identifi cation of mortality risk. The components can then be mapped 
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to identify areas that feature a majority of the characteristics related to heat  mortality 
during an EHE. 

 The socioeconomic variables included in this model, extracted from decadal cen-
sus data, include population counts by race, age, educational attainment, household 
income, and elderly living alone. These factors are combined with environmental 
factors (LST, NDVI, and NDBI) known to contribute to vulnerability. This analysis 
can be carried out at both the census tract and census block group enumeration lev-
els, which are political boundaries based on population density. The output from 
this analysis yields an index of vulnerability. Organizing enumeration units into 

  Fig. 9.1    LST image of Indianapolis, IN, acquired by the Landsat 5 TM satellite platform acquired 
on July 1, 2011       
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classes based on this vulnerability score provides a clear picture of vulnerability 
levels across specifi c micropopulations. The analysis of the 1995 Chicago, IL, heat 
wave by Stanforth [ 62 ] is an example of how PCA can be used to determine vulner-
ability utilizing these input variables (see Fig.  9.2 ).  

 The study by Stanforth [ 62 ] also aimed to evaluate the signifi cance of spatial 
resolution, and utilization of residential vs. commercial land use, for this type of 
analysis. The results supported the hypothesis that vulnerability to EHE mortality 
and morbidity can be appropriately measured and predicted within boundaries 

  Fig. 9.2    An extreme heat vulnerability index analysis map of Indianapolis, IN, utilizing 2010 
census socioeconomic data and environmental data collected by the Landsat 5 TM satellite on July 
15, 2011       
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(census track and block groups) smaller than the county boundaries used in previ-
ous systems. The best explanation of variance for the study occurred during the 
census tract enumeration level of analysis, but was only a few percentage points 
better than the analysis using smaller block group enumeration levels. Although the 
census tract results contained a higher percent of variance explained, the block 
group analysis had fewer principal components. This demonstrates that the block 
group, smaller spatial boundary, PCA analysis resulted in components which were 
more correlated. This suggests that similar smaller-scale models could greatly 
improve spatial resolution, or accuracy, of the incorporated variables and results. 
The results demonstrated that, overall, vulnerability is very specifi c to certain socio-
economic variables and is very dependent on spatial resolution. This further sug-
gests the need for increased spatial resolution of variables and analysis beyond the 
county boundary, which is used in most current NWS warnings and is an outdated 
method. New, spatially-specifi c warnings would have the potential to save more 
lives and reduce disaster response costs through improved mitigation practices.  

   Vulnerability Using Artifi cial Neural Networks 

 ANNs is a modeling method based on the principles of the biological neural net-
work. ANN is a computational model comprised of a series of interconnected vari-
ables, or neurons/nodes, that model the relationship of data between the input and 
output parameters [ 36 ]. Just like the biological neural system, an ANN is composed 
of nodes, possibly in multiple layers, connected to a series of other nodes. ANN 
results are based on trained input-to-output connections, similar to repetition-based 
muscular training processes in biological creatures. The interconnectedness of the 
nodes results in a complex network comprising the ANN. ANNs are adaptive sys-
tems that operate in two phases: the learning (or training) phase and the testing/
predicting stage. During the learning/training phase, the network is provided with 
known input-output pairs to establish a relationship between input and output data. 

 Commonly, the connection between the two individual nodes is just a mathemati-
cal function  f : X  →  Y . Since each node is connected to many other nodes, the input to a 
node is the summation of all the incoming connections, and the output is the function 
 f  applied to this summation [ 36 ]. The interconnectedness of the nodes provides an 
opportunity for modeling many different kinds of relationships, by changing the 
mathematical function used for the connections or by adjusting the weights to differ-
ent inputs to precisely control the input of all the different inputs (Kohonen 1990). The 
connections between the nodes are adjusted so that the network converges toward, or 
learns, a model that is actually represented by the data. The number of nodes, number 
of layers, learning function, rate of learning, number of iterations required to converge 
on a solution, and least acceptable error are all parameters that can be modifi ed, by 
trial and error, to develop a model to fi t the study’s requirements. 

 There has been a recent increase in ANN use, because they have some very use-
ful characteristics. ANNs do not pose any restriction on the distribution characteris-
tics of the collected data [ 32 ,  48 ]. Linear regression, on the other hand, requires data 
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used for modeling to be normally distributed. ANNs also allow the incorporation of 
many different types of variables (categorical, nominal, and/or ordinal data) to be 
included in the analysis [ 3 ,  7 ]. Finally, ANNs are not affected by variable outliers in 
the data as much as PCA. ANNs do, however, have some drawbacks. They are com-
plicated and often require extensive setup to initiate. The fi nal drawback is the issue 
of model over-fi tting. Model over-fi tting occurs when ANN trains noise to result’s 
nodes along with the signal, when the number of input variables is larger than the 
number of training cases, and/or the input variables are highly correlated with each 
other [ 56 ,  60 ]. 

 We describe below how we used ANN for some preliminary analysis. As 
described earlier, the input variables are comprised of socioeconomic and environ-
mental factors. Mortality data was obtained from the respective cities, and only 
deaths related to the EHE were selected and geocoded, located spatially based on a 
postal address. The predicted number of aggregate deaths within each census enu-
meration unit (census tract or block group) was used as the output for the ANN. Once 
the model was created, after training and testing, it predicted the number of deaths 
per census boundary and compared them to recorded deaths from a historical 
EHE. The fi gures below show the neural network predicted mortalities compared to 
the actually observed mortality. 

 The difference in the scatter plots is due to the different number of enumeration 
units and different number of deaths for the cities of Dayton (a) and Phoenix (b) 
(Fig.  9.3 ). As can be seen from the images, the predicted mortality appears to follow 
the trend of observed mortality. This suggests a strong positive predictive ability of 
the ANN and suggests a possibility of improving the neural network model, either 
by tweaking the parameters used during training or refi ning the data by incorporat-
ing only residential areas, as demonstrated by Stanforth [ 62 ].    

  Fig. 9.3    Scatter plot of NN predicted vs. observed mortality for ( a ) Dayton and ( b ) Phoenix. 
Analysis was carried out at census tract enumeration level       
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    Future Directions for Research and Improvement 

   Hyperspectral Remote Sensing 

 As discussed earlier, satellite-based remotely sensed data is now commonly used in 
modeling vulnerability, but there are limitations to the use of such data. First, tem-
poral resolution, or frequency at which the data is collected, does not allow for 
continuous measurement, as the sensor is only in position a couple days per month. 
For example, the temporal resolution for Landsat data is 16 days; in other words, an 
image is taken at the same location once every 16 days and will sometimes miss the 
heat wave window or be blocked by cloud cover. There are some satellites that have 
a temporal resolution of one day, but their spatial resolution is too coarse to be of 
much use for the study of intra-urban areas. Aircraft-based hyperspectral remote 
sensors can alleviate both the issues of spatial and temporal resolution. Hyperspectral 
remote sensors are very analogous to their multispectral counterparts, but differ in 
that they measure the electromagnetic refl ectance in very narrow, contiguous bands. 
This provides a much more representative sample of the refl ectance curve of the 
underlying feature. The spatial resolution of aircraft-collected data can also be 
much better than the satellite-based multispectral data, depending on the altitude at 
which the aircraft passes over the area of interest. This availability of higher spectral 
and spatial resolution provides more fi ne-grained data, which can improve the per-
formance of models using this data. The methods and techniques used for hyper-
spectral analysis are slightly different than those for multispectral data. Increased 
spectral bands require higher computer processing power, and the preprocessing 
methods are also different. Since hyperspectral data are aircraft collected, they con-
tain errors attributable to the movement of the aircraft (roll, yaw, and pitch). These 
errors need to be removed by preprocessing the data. This is not a complicated 
problem, as most of these sensors come with utilities and tools with customizable 
settings for each fl ight, allowing for correction of errors later on. Still, hyperspectral 
sensors are very expensive; therefore, they not practical for widespread use.  

   Web-Based Modeling Tools 

 While most vulnerability-related modeling is carried out in university labs and 
research centers, there is a possibility of creating a Web-based tool/framework. This 
tool could be specifi cally designed to allow local planners to input data for their 
localities and generate vulnerability maps for planning and mitigation purposes. 
This Web interface could allow a municipality to identify areas at an increased risk 
to weather disasters and to effi ciently distribute the data and test/implement mitiga-
tion plans. In a digital format, the application could allow the vulnerability maps to 
be distributed to hospitals or nonprofi t groups so that medical assistance could be 
positioned in high-risk areas before the adverse conditions occur. The application 
could also allow city planners to test how a new mitigation practice would impact 
risk, such as planting trees in areas of high UHI. The Web application could also 
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allow for the quick update of data during oppressive seasons. If a wild fi re or 
tornado destroyed a large portion of the urban canopy, as during the 2011 Alabama 
disasters, new mitigation maps could be produced “on the fl y” to assist with the 
cleanup and preparation for the next disaster. Work is currently being conducted on 
creating such a Web framework used for generating EHE vulnerability maps spe-
cifi c to a city or county.   

    Concluding Remarks 

 With increased awareness about climate change and its impact on the environment 
and society, there is an ongoing trend to move toward collaboration among different 
areas of the research community. While vulnerability has traditionally been studied 
primarily by sociologists, it now involves researchers from diverse fi elds who aim 
to collect, analyze, and model data in new and meaningful ways. These collabora-
tions present a unique opportunity to better understand and model vulnerability 
through more comprehensive studies. While only EHE has been discussed in this 
chapter, these same principles can be applied to model vulnerability to other natural 
and anthropogenic hazards throughout the developed and developing world. The 
procedures previously described for heat mitigation could be adapted easily to cold 
weather disasters as well or be utilized to create location-specifi c mitigation plans 
for fl ash fl ooding and identifi cation of Lyme disease-infested tick populations. 
Understanding the improved benefi ts of incorporating environmental and societal 
risk elements has provided a new holistic view of vulnerability. This view will hope-
fully lead us to a safer and more prepared future.      
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